Abstract -This paper presents a Monte-Carlo algorithm considering loads defined by fuzzy numbers. In this methodology states are sampled according to the probabilistic models governing the life cycle of system components while fuzzy concepts are used to model uncertainty related to future load behavior. This model can be used to evaluate generation/transmission power system reliability for long term planning studies as one uses the more adequate uncertainty models for each type of data. For each sampled state a Fuzzy Optimal Power Flow is run so that one builds its power not supplied membership function. The paper proposes new indices reflecting the integration of probabilistic models and fuzzy concepts and discusses the application of variance reduction techniques if loads are defined by fuzzy numbers. A case-study based on the IEEE 30 bus system illustrates this methodology.
I. INTRODUCTION
Reliability evaluation is an important issue in the scope of planning studies. The Monte-Carlo simulation is certainly one of the most powerful available methods to evaluate system reliability. This method can be used to evaluate generation/ transmission power system reliability by analyzing a large number of system states identified by sampling component outages. Acceleration techniques can be adopted to reduce the number of the analyzed system states [ 1, 2, 3] .
Traditionally. the Monte-Carlo approach is based on a probabilistic modelization of the behavior of the components. This is conceptually correct as the rules governing their life cycle are not likely to change in the future. As for loads. one usually uses deterministic values or probabilistic models. The first assumption is surely questionable specially for long term planning studies. Load values can be affected by many factors some of them being hardly forecasted. The probabilistic modelization of loads usually tries to incorporate information about the uncertainty affecting daily. monthly or yearly consumptions by sampling values according to a classified load diagram.
For long term planning studies, the focusing should be somewhat different. One easily recognizes that, i n this case. the main concern should not be related to the variation of consumptions in a period due to the daily life cycle or to weather conditions. for instance. Rather, the planner should try to capture the uncertainties affecting the evolution of load values along a planning horizon. In this situation, the use of probabilistic models may not be adequate as load growth pattern can change due. for instance. LO economic or legal factors or even to exogenous 0-7803-2663-6/95 $4.00 0 1995 IEEE 551 L.M.V.G. Pinto PUCiRJ -Pontificia Universidade Catolica Rio de Janeiro C.P. 38063 Give, -CEP 22452 RJ BRASL hardly predictable and, in many cases, unique events. In this case. the uncertainty affecting load values has not random nature and, therefore. a different framework is needed.
In this paper this uncertainty is modeled using concepts from Fuzzy Set Theory [4, 5] . Fuzzy sets can be interpreted as sets of lumped and nested intervals each one having a membership value. Therefore they allow the user to interpret in an holistic way how uncertainties are reflected in the results. In the scope of fuzzy models. it should be referred that no values are sampled since the information inherent to a fuzzy set is treated as a whole. This is a definite contribution to increase the computational efficiency of these algorithms. References [6, 7] present an overview of some experiences and results obtained with the introduction of Fuzzy Sets in power systems. References [8-1 I ] address some specific topics as fuzzy power flow and fuzzy optimal power flow models. This paper presents a Monte-Carlo simulation approach to _generation/transmission reliability evaluation assuming loads defined by fuzzy numbers. Data uncertainties will be modeled more adequately: system component outages are represented by probabilistic models and load uncertainties are modeled by fuzzy numbers. For each sampled state, one can obtain the power not supplied membership function by running a fuzzy optimal power flow [ 1 I]. To reduce the computational burden of the simulation we will also discuss the use of convergence acceleration techniques.
This methodology can, in a certain way, be considered an extension of the models presented in [1, 2, 3] which use linearized formulations to represent the operational features of the networks. This methodology will allow the user to reflect in a very efficient way data uncertainties to the results. Traditional crisp reliability indices are no longer adequate since now they will have to reflect load uncertainty. Thus, new indices as the Expected Exposure and Robustness and the membership function of the Expected Power Not Supplied will be defined to characterize system behavior and to reflect the integration of probabilistic and fuzzy concepts which is. by itself, an important feature. This methodology will be illustrated with results from a case study using the IEEE 30 bus system.
II. DEFINITION OF FUZZY LOADS
The concept of a fuzzy load is related to a qualitative assessment. for instance through a linguistic declaration as "load may occur between L , and L4 MW but it is likely tu be between L, and Li". This can be translated into a trapezoidal fuzzy number as sketched in fig. 1 and can be interpreted as expressing the uncertainty around an interval. If L*=L3 the trapezoidal number turns into a triangular one. This can express the uncertainty around a central value having maximum membership degree. The proposed algorithm deals with uncertainties of load values and to the non ideal nature of components. As for load data no values are sampled as the fuzzy optimal power flow model used 10 analyze each state deals with this uncertainty as a whole. As for components a sequence of system states is sampled according to the forced outage rate of generators and branches. This is accomplished by generating a sequence of pseudo random numbers. Depending on generator and branch forced outage rates, component outages are identified under a classic non chronological strategy.
B. Analysis of the sampled states
The optimal power flow problem can be viewed as a process aiming at identifying the best generation values (driven by an economic criterion) subject to operational and security constraints. When, at least. one specified load is modeled by a fuzzy set the problem turns into a Fuzzy Optimal Power Flow -FOPF. Reference [ I I ] presents a DC-FOPF algorithm (to be used in operation planning or for planning purposes) assuming loads represented by trapezoidal fuzzy numbers. The operational features of the network are modeled using the DC power flow model. This means that one can evaluate membership functions of phase angles or branch flows as soon as a generation strategy is identified. In this case, for a values greater than a l the system is robust. But when the uncertainty in the actual value of the loads becomes larger (for a<al), we can no longer guarantee that no load disconnection will ever be needed. Therefore, we have a possible value of PNS>O for uncertainty ranges larger than the one at a l . In other words, for load scenarios in [Lz , Ls] one can guarantee that no PNS values will occur and operational and security constraints will not be violated.
This information can be expressed through robustness and exposure indices assuming values l . O -a , and a 1 in this case.
Therefore, a fully robust system would have a robustness index of 1 .O, meaning that it is adequate no matter what future occurs.
C. Fuzzy indices ry
Let PNSi, hobi and Iexpi be the membership function of the Power Not Supplied, the Robustness and Exposure Indices of state i. If a sample ofJ system states is analyzed, (1) to (3) give the estimates of E(PNS), E(1rob) and E(1exp). In expression (1) represents the addition of fuzzy numbers.
According to [1, 3] the convergence criterion of a MonteCarlo algorithm can be based on the relative uncertainty (4) monitored along the simulation. In this expression, E(PNS) is the current estimate of the PNS expected value and V(PNS) is the variance evaluated by (5). The calculated !.3 value, pcalc, should be compared with a target one, pspec, so that the simulation process should finish as soon as Pcalc 5 Pspec This criterion can still be applied if one considers fuzzy loads. In fact, for each sampled state. one runs a FOPF integrating a deterministic DC-OPF study. Thus, convergence can be monitored using the PNS values obtained from these deterministic DC-OPF studies.
E. Convergence acceleration techniques
The computational burden of the Monte-Carlo simulation is often reported as a drawback of this method. Expression (6) -obtained by solving (4) in terms of N -shows that the size of the sample to get a target B value can be reduced by adopting variance reduction techniques [ 1, 3] . Subsections E. 1 and E.2 describe the application of two of these techniques to the Fuzzy Monte-Carlo -FMC -problem. 
. Evaluation of E(PXSg)
In expression ( 1 21, the membership function of the e x p s t e d Power Not Supplied only due to generator deficiencies, E(PNSg), can be obtained by (14) using the capacity outage probability table. I n this expression PNSg(xi) is given by (13), p(xi) is the probability of state xi only considering generator outages and 1 represents the addition of fuzzy numbers.
This technique is based on the fact that the variance of the sum of two random variables depends on their covariance. If these random variables are negatively correlated the variance of their sum will be smaller than the sum of their variances. The antithetic sampling strategy, described in 131, is based on this conclusion to reduce the computational burden of the simulation.
This can be applied to the FMC simulation provided that for each sampled state a so-called antithetic state is identified. This can be done by using the sequence of pseudo-random numbers ( 7 ) used to the identify the sampled state. The antithetic sequence of ( 7 ) . given by (8). can be used to idztify a new s stem state. A new fuzzy numbers related tgeach sampled state and its antithetic one. The new sequence of PNS(x) numbers is then used to monitor the convergcncc of the simulation.
estimator is defined by (9) where PNSl(x) and P 4 S2(x) are the PNS
E.7. Regression function technique
This technique uses a regression function. Z. to obtain an approximation of the expected value of the function. F, to be analyzed. For each sampled state a residual is evaluated by subtracting F(x) and Z(x). According to [l] , a new estimator F* for F is obtained by (10). In this expression E(Z) is the expected value of the regression function usually evaluated by an analytical method external to the simulation process. If Z and F are strongly correlated the value of the residual function will be small and the variance of F* will be smaller than the variance of F. The expected values of F and F* coincide and are given by (1 1).
Two issues must be dealt with in order to apply this technique to the FMC simulation: the choice of a regression function and the fuzzification of (1 1 ) so that one can incorporate information about fuzzy loads. References [ 1, 3] consider as very efficient the regression function corresponding to the Power Not Supplied due only to deficiencies of the generation subsystem. The expected value of this function, E(Z), is readily calculated using the capacity outage probability table. If loads are_modeled by fuzzy numbers. expression (12) is used to estimate E(PNS).
I n this expression. G 9 and X denote the addition of fuzzy n y b e r s and Q represents the deconvolution process (Appendix). PzS(xi) is the fuzzy number resulting from the FOPF exercise. PNSg(x,), calculated by (13), is the fuzzy number representing the PNS related to state xi considering only generator outages.
In-expression ( 1 3): -PI is the fuzzy number of the system total active load;
-Pglnax is the system total installed generation capacity: -PgoUt(xi) is the addition of generator capacities out of
IV. CASE STUDY

A. System data
The 30-bus / 41 branch IEEE system sketched in fig. 3 is used to exemplify the application of the FMC algorithm. Tables 1  and 2 include generator and branch data. Regarding generator data, values for the incremental costs and FOR are specified. The original number of generators was also altered as the number of installed generators in buses 1, 2, 8, 1 1 and 13 was increased, to add complexity to the simulation. Table 3 presents the central value of each load membership function. The original load data does not stress enough the transmission system as the bulk system studies would show little impact from line outages. In the present days, this does not seem to be the more usual situation found in utilities. Therefore, we have increased loads by a factor of 1.5. Using these central values two load sets were used to describe load uncertainties:
- fig. 4 was obtained considering the triangular load set while fig. 5 corresponds to the trapezoidal one. According to fig. 4 , if this outage occurs the system shows no capacity to meet load for cuts lower than 0.71. Therefore, the corresponding exposure index is 0.71 and the robustness one is 0.29. If the trapezoidal load set is considere:d, the system is less robust than in the previous situation. In fact, the system is not These values can be easily understood considering that the uncertainty of the trapezoidal load set is larger than the one related to the triangular load set.
C. F u u y Monte-Carlo -FMC -analysis
The FMC simulation was performed for the two load sets considering a target value for p of 10%. Figures 6 and 7 present the membership functions of the expected PNS for these two situations. These fuzzy numbers are closely related to these load sets. InLact, as the amplitude of load uncertainty grows the a-cut of the E(PNS) membership functions also gets larger meaning that the system is more exposed to load uncertainties.
These two membership functions also reveal that the FMC simulation does not preserve the shape of the specified loads. In fact, the right branch of these functions are distorted in a convex way while a concave distortion occurs for the left branch. The distortion of the right branch, for instance, can be explained considering that the operational conditions of the system are rather stressed. In fact, central load values were obtained by multiplying the original ones by 1.5 and branch limits were not increased. Therefore, a small load growth is likely to originate non zero PNS values. The effect of aggregating a large number of PNS same. Therefore, the relation of the computational times of these two simulations. for one side. and between the FOPF and a deterministic DC-OPF study, for the other. should be the same. membership functions. some of them similar to the one skztched in fig. 4 . originates the distortion of the right branch of E(PNS). Table 4 includes information about the expected values of the Exposure and Robustness Indices. As expected the exposition to future load uncertainties is larger when one considers the irapezoidal load set. Regarding the variance reduction techniques, the FMC simulation was run for three situations -using the regression function, using the antithetic sampling and combining these two techniques. In a fourth situation none of these were used. Table 5 presents the number of analyzed states to get convergence in these four situations. In the first place, it is important to notice that N does not depend on the analyzed load set. This is explained considering that the FOPF methodology starts by running a deterministic DC-OPF study for the set of central load values. According to 1II.D. convergence is monitored using the sequence of these deterministic PNS values. Therefore, one easily concludes that N does not depend on the load sets provided that central load values in the two load sets are the same.
In the second place, results presented in table 5 indicate that the regression function is very efficient in reducing the computational burden of the simulation. In fact a reduction of about 30% i s accomplished if one compares situations 1 and 4. It is also important to notice that the antithetic sampling is not effective in reducing the variance of the estimator. This conclusion can be derived if one compares situations 1 and 3, for one side. and 2 and 4, for the other. A similar result was also reported in [3] .
In what concerns the computational time, the Fuzzy MonteCarlo simulation is very efficient as, in average, it only takes 40% rnore time than a classical simulation for deterministic loads. This figure can be easily understood if one remembers that the FOPF alyorithm also takes. in average, 40% more computational time than a deterministic DC-OPF study (see 1II.B). Due to the convergence criterion adopted for the FMC simulation. the number of analyzed states in this simulation and in a classical one are the 
D. Expansion sirategies to reduce system exposure
Fuzzy loads reflect uncertainty in human knowledge about the future. As a consequence, decision makers usually adopt, at the end of the planning process, some hedging strategies aiming at reducing the risk implicit in the decisions they are about to make. In other words. they wish to reduce the regret they may experience for making a decision according to a possible development if a different and adverse future occurs. Concerning system reliability, investments in generation and transmission capacity could be foreseen as a means of reducing the risk of having load disconnections. This can be interpreted as an attempt to reduce the E(PXS) and the exposure index.
As an example, we present results for two expansion plans. These two plans correspond to increase the active power limit of branch 6-10 to 65 MW. for one side. and to increase branch 9-1 1 limit to 100 MW, for the other. Figures 8 and 9 present the two E(PNS) membership functions considering the trapezoidal load set. For these two simulations the expected exposure index is 0.255 and 0.219. These results reveal that theEinforcement of branch 6-10 has little impact both in the E(PNS) function and in the expected exposure index while the second strategy is far more efficient in reducing E(PXS) uncertainty.
Using this type of information the planner can obtain trade offs between investments and robustness values. This can provide valuable information in a decision aid environment in order to select the investment according to the degree of risk the user is ready to accept. In this algorithm, two kinds of uncertain!:ies are dealt with: the uncertainties regarding future load valules (modeled by fuzzy concepts) and the ones related to the non ideal nature of system components (represented by probabilistic concepts). This is an important feature by itself and it reflects the authors belief that fuzzy models will not replace probabilistic approaches. In fact, cach uncertainty model should be used where adequate, and hybrid models will come as a result.
It should also be emphasized that the Fuzzy Monte-Carlo simulation is very efficient as, in average, it only takes 40% more computational time than a classical one using deterministic load values. This seems to be a very modes,t price to pay for an important increase in the information obtained. We have also shown that some well known variance reduction techniques can be adapted to the fuzzy case.
The interest of the fuzzy load model is further enhanced by the fact that it also allows the definition of a hedging policy. This policy aims at reducing the risk inherent to adverse futures, by a selective choice of branches and generators to reinforce.
Finally, this methodology using the linear DC model should be seen as a first attempt to integrate probabilistic and fuzzy models in the scope of power systems. New developments regarding the automatic identification of expansion strategies to reduce system exposure are also encowraged so that a better understanding of long term system behavior is accomplished.
VI. APPENDIX -BASIC FUZZY SET CONCEPTS
A fuzzy set a is associated with a membership function pA(x) relating each element xi to its compatibility degree with X i (A. I). Therefore, one obtains a gradual transition between full and complete lack of membership rather than an, abrupt one. An a-level set or an a-cut of A is the hard set A, obtained from A for each a~ [ & I ] 
according to (A.2).
A fuzzy number is a normal convex fuzzy set of the real line such that its membership function is piecewise-continuous. A trapezoidal fuzzy number. usually represented by A = ( a l ; a2; a3; ab), is sketched in figure A.1. The central value -CV -of a fuzzy number is defined as the mean value of its 1.0-cut. If the fuzzy number of figure A.1 is considered, the CV is given by (a2+a3)/2.
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